Drought resistance is required in rice breeding to address the challenge of frequent 17 droughts. However, the evolution of rice drought resistance is not fully understood. We 18 investigated the genetic differentiation between upland and lowland rice domesticated in 19 agro-ecosystems of contrasting water-soil conditions by high-throughput SNPs. We estimated 20 their morphological differences in drought resistance and productivity through common 21 garden experiments. Upland rice possessed better drought resistance but poorer productivity. 22 35 domestication 37
Negative correlations between traits of drought resistance and productivity were observed. 23 These negative correlations are attributed to genetic tradeoffs between drought resistance and 24 productivity by tight linkages (e.g. DCA1 and OsCesA7) or pleiotropic effects (e.g. LAX1). 25 The genetic tradeoff is common and greatly shapes the evolution of drought resistance in 26 upland rice. Signs of balancing selection detected in upland rice while signs of directional 27 selection detected in lowland rice, on genomic regions associated with both productivity and 28 drought resistance, lead to their adaptive differentiation. Signs of balancing selection in 29 upland rice resulted from bi-directional selection during its domestication in drought-prone 30 upland agro-ecosystem. Bi-directional selection, applied in breeding water-saving and drought 31 resistance rice (WDR), breaks tight linkages by accumulating recombination events. Using 32 genome-wide association analysis, we identified several valuable QTLs associated with 33 drought resistance, in which highly differentiated genes should be candidates. Drought is one of the most disastrous stressors for rice cultivation. It causes serious yield loss 39 to annual rice production (Farooq et al., 2009; Luo, 2010) . Thus, it is necessary to identify and 40 utilize genetic resources of drought resistance in rice breeding (Luo, 2010) . However, drought 41 resistance is a complicated trait composed of several mechanisms (e.g. drought-avoidance, 42 drought-tolerance, and drought-recovery) (Bernier et al., 2010; and 43 hundreds of genes with minor effects . Interactions with environments 44 substantially affect drought resistance as well (Farooq et al., 2009; Hu and Xiong, 2014) . 45 Therefore, the molecular mechanism of rice drought resistance and its evolutionary process in 46 rice remain unknown. 47 Given its complicated nature, drought resistance is considered an integrated trait that is 48 associated with other agronomic traits (Farooq et al., 2009; Bernier et al., 2010; Fletcher et al., 49 2015) . It is typically assumed that a balance exists between drought resistance and 50 productivity (Fletcher et al., 2015; Vikram et al., 2015) . At the gene scale, a yield penalty 51 detected along with a drought resistance gene is not rare (e.g. SNAC2, OsIAA6, OsABF1, etc.) 52 In this study, we investigated performances of 112 upland and 103 lowland rice landraces 76 in regularly managed paddy fields, drip-irrigated fields, and naturally dried fields for their 77 productivity and drought resistance. These rice landraces, as well as some common wild rice 78 accessions, were further genotyped by high-throughput technologies (SNP array and 79 resequencing) to study the genomic differentiation between upland and lowland ecotypes, 80 particularly for drought resistance. We aimed to address the following questions: (1) Is upland 81 rice differentiated from lowland rice for drought resistance? (2) If it is, how are upland and 82 lowland rice adaptively differentiated for drought resistance? The knowledge gained from this 83 study can deepen our understandings of drought resistance and provide informative cues for 84 breeding drought resistant cultivars. 85 86 Results 87
Morphological differences in drought resistance and productivity between upland and 88 lowland rice ecotypes 89
Based on the field performance evaluated under drought conditions, upland rice demonstrated 90 significantly higher drought resistance than lowland rice did through several key drought 91 resistant traits. For example, it possessed a higher ratio of deep-rooting (RDR), a lower rate of 92 water loss (RWL) in excised leaves, higher relative water content (RWC) under drought, 93 higher relative fecundity (RF), and higher relative grain weight (RGW) ( Table 1 ). In contrast, 94 lowland rice exhibited better performance in growth, development, and productivity (GDP, 95 the abbreviation for growth, development, and productivity) under well-watered (W) and 96 drip-irrigated (CK) conditions, which was representing as ed through more panicles, greater 97 biomass, and higher grain yield. Negative correlations between the traits of drought resistance 98 and GDP were frequently detected in our experiments ( Figure 1 ). For example, RDR, RWC, 99 and RGW were negatively correlated with the number of tillers (NT) ( Figure 1 ). These 100 negative correlations reflected certain tradeoffs between drought resistance and productivity. 101 A comparison of Q ST to the neutral F ST was conducted to detect the potential adaptive 102 evolution for drought resistant or agronomic traits. In this study, the neutral genomic F ST 103 (calculated using intergenic SNPs) was 0.097±0.001 between upland and lowland rice 104 ecotypes. Surprisingly, none of estimated drought resistant traits had significantly higher Q ST 105 M A N U S C R I P T
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lowland rice could be generally separated via cluster analysis. This indicated there was a 112 considerable level of genetic differentiation (mean F ST =0.171±0.002) between the two rice 113 ecotypes ( Figure 2b ). Patterns of linkage disequilibrium (LD) across the genome were 114 generally similar between the two ecotypes and decayed quickly within 200K bp. However, 115 the upland ecotype represented a slightly quicker LD decay than the lowland rice ( Figure 2c) . 116 Across the genome, we detected 184 highly differentiated windows (F ST >0.379, beyond 117 the 95% confidence interval) out of total 3,684 available windows, and 21.7% of the windows 118 contained at least one gene relevant to drought resistance ( Figure 3a ). As expected, windows 119 containing genes relevant to drought resistance exhibited significantly higher mean F ST values 120 than other regions (Figure 3d ), whereas windows containing GDP genes had the equivalent 121 mean F ST to the genomic average (Table S1 ). This outcome indicates that upland and lowland 122 rice are genetically differentiated in regions relevant to drought resistance. Highly 123 differentiated regions (HDR) thus could be potentially associated with drought resistance. 124
Estimated by ∏ upland /∏ lowland , upland rice possesses higher relative genetic diversity 125 (mean ∏ upland /∏ lowland =1.158) in general ( Figure 3b) . Surprisingly, windows possessing higher 126 ∏ upland /∏ lowland ratios were generally highly differentiated ( Figure 3e ). This indicates that 127 genetic regions relevant to drought resistance possess higher genetic diversity in upland rice. 128
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A C C E P T E D ACCEPTED MANUSCRIPT that these highly differentiated regions were derived by directional selection occurred in 149 lowland rice while balancing selection occurred in upland rice. Noticeably, most of these 150 highly differentiated regions contain genes/QTLs of both drought resistance and GDP ( Based on the Ricedata (up to 30 th , September), 285 and 356 genes, were relevant to drought 156 resistance and GDP, respectively (Table S4 ). They were distributed in 918 (517 for drought 157 resistance and 613 for GDP) 200 kb-windows (sliding in 100 Kb steps) across the genome. 158
Among these windows, 212 (5.67% of total windows) contained genes relevant to both 159 drought resistance and GDP (Figure 3a ), which was significantly beyond the ratio by chance 160
(2.27% of total windows, p<0.001 by χ 2 test). Thus, tight linkages between genes of drought 161 resistance and productivity are very common. We further calculated the frequencies of 162 recombinant genotypes within windows containing genes of both drought resistance and GDP 163 in cultivated rice genotypes and wild rice accessions (Table S5) . Interestingly, upland rice 164 possessed more windows containing ecotype-specific (37 vs. 10) and ecotype-preferential (11 165 vs. 4) recombinant genotypes than lowland rice did ( Figure S4 , Table S5 ). Meanwhile, typical 166 upland and lowland rice could be separated by recombination within windows containing 167 genes of both drought resistance and GDP ( Figure S4 ). Some rare, but ecotype-specific, 168 recombinant genotypes could only be detected in upland rice. This could partially explain the 169 slightly slower LD decay detected in upland rice and suggest a role for recombination in the 170 adaptation of upland rice to a drought-prone environment. Meanwhile, 148 genes of drought 171 resistance have been functionally studied. Among these function-studied drought resistant 172 genes, 28 genes were reported to have unwanted pleiotropic effects (Table S6 ). This result 173 indicates the unwanted pleiotropic effect of a drought resistant gene on GDP is another 174 potential cause for the genetic tradeoff between drought resistance and productivity. 175 M A N U S C R I P T
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in lowland rice were detected at this region (Table S2, Table S3 ). A known drought resistant 186 gene (DCA1, LOC_Os10g31850), which enhances rice drought resistance by controlling 187 stomatal aperture, was located within its region. It could generally separate upland and 188 lowland ecotypes based on its sequence ( Figure 6a ). However, DCA1 is reported to have no 189 obvious impact on productivity and only a minor effect on plant height ( Figure S5 ). 190
Interestingly, we found Ehd1 (controlling heading date and panicle development) and 191
OsCesA7 (having significant impacts on the number of tillers, plant height, and productivity) 192 were also located nearby (distance of ~500kb). The two genes are tightly linked with DCA1, 193 which was revealed by high correlation coefficients (r) among SNPs in DCA1, Ehd1, and 194 OsCesA7 (Figure 6b ). Meanwhile, they possess high F ST values and ∏ upland /∏ lowland ratios 195 ( Figure 6b ). This region provides a good example of the genetic tradeoffs caused by tight 196 linkages. Additionally, we detected several recombination events between DCA1 and 197 OsCesA7 that occurred only in upland rice ( Figure S6 ). For potential drought-resistant candidates, the QTL of RDR (peak signal at Chr08: 214 8640319) should be paid to particular attentions ( Figure 5 ). It is located at regions 215 representing signs of selective sweep in upland rice. The OsWOX12A (LOC_Os08g14400) 216 was considered to be the candidate gene as it was highly differentiated between ecotypes 217 (F ST =0.576) ( Figure S8a ) and reported to be related with root primordia initiation. Meanwhile, 218 the QTL for RGW (peak signal at Chr11: 24507478) were detected repeatedly in 2016 and drought resistance went beyond the genomic average, which provided solid evidence that 243 upland and lowland rice are adaptively differentiated for drought resistance. However, we did 244 not detect significant differences in the F ST values between GDP-relevant regions and the 245 genomic average, although many agronomic traits also represent morphological differences. 246 This outcome indicates that selection for agronomic traits in upland and lowland rice are 247 generally similar. 248
The comparison of quantitative genetic divergence (Q ST ) to the neutral genetic 249 divergence (F ST ) can be used to detect adaptive evolution. If the Q ST is significantly higher 250 than the neutral F ST , it means that the directional selection drives phenotypic divergence and between drought resistance and productivity may substantially block the utilization of genetic 275 resources for drought resistance in breeding (Vikram et al., 2015) . 276 Tight linkages between genes of drought resistance and productivity are very common, 277 indicated at a frequency of 23.1% across the rice genome in this study. We provide an 278 example of the tight linkage between DCA1 and OsCesA7. DCA1 is a gene that enhances rice 279 drought resistance by controlling the stomatal aperture (Cui et al., 2015). It is tightly linked 280
with OsCesA7, which controls many important agronomic traits (e.g., plant height, number of 281 tillers, and fecundity) (Huang et al., 2015; Wang et al., 2016) . The tight linkage between the 282 two genes may be the cause of negative correlations between the RWC and plant height 283 observed in our experiments, because QTLs for both traits were identified within the same 284 region by GWAS. If we want to obtain the maximum benefit from DCA1 in breeding, its tight 285 linkage with OsCesA7 should be broken. 286 Meanwhile, a proportion of drought resistant genes (18.9%) have negative pleiotropic 287 effects on productivity, which results in yield penalties. In this study, we found LAX1 288 (LOC_Os01g61480), which controls plant height, number of tillers, and grain weight 289 (Komatsu et al., 2003) , also has opposite impacts on drought resistance. The selection on 290 LAX1 alleles for drought resistance may result in typical morphological features (wider leaves, 291 taller, and less tillers) in upland rice. These results mean we could not obtain both advantages 292 on drought resistance and productivity from major alleles of LAX1. To overcome the 293 unwanted pleiotropic effect of a drought resistant gene, utilizing ideal alleles in natural M A N U S C R I P T
balancing selection during its domestication in upland environments. It is thus a good genetic 297 resource for drought resistance and could be used for collecting rare but ideal alleles for 298 drought resistance (Lyu et al., 2013) . 299 300 Bi-directional selection in upland rice promotes adaptive differentiation between upland 301 and lowland rice ecotypes 302
The primary hypothesis, which is accepted by many researchers, is that drought resistance is 303 under directional selection in upland rice, which differentiated upland rice from lowland rice 304 from Shandong and Guangdong Provinces were not included in this study as there was no 372 Geng (japonica) lowland rice grown in these two provinces. This sampling strategy could 373 avoid statistical bias from isolation by distance. Meanwhile, these landraces were preselected 374 to ensure their complete life histories in Shanghai. Sixty-five accessions of common wild rice 375 (Oryza rufipogon) were also used in this study as the reference (Table S7) . 376 The 215 rice landraces and 20 accessions of common wild rice were genotyped using the 377 60K rice SNP array after the extraction of entire, high-quality DNA from green leaves using a 378 routine protocol. To study the genetic differentiation between ecotypes at the gene scale, 112 379 (52 upland and 60 lowland) typical landraces and 45 accessions of common wild rice were 380 sent for resequencing by Illumina X Ten at Shanghai MajorbioBiopharm Technology Co. Ltd. 381 (Shanghai, China). A total of 921.6 Gb pair-end sequence data were generated, which covered 382 an average depth of ~15× for each sample (Table S8) . 383 384
Measurements of important agronomic and drought resistant traits 385
Eight important agronomic traits (Table 1) The measurements of root traits were from four biological replicates for each landrace grown 394 in the paddy field using the 'basket' method (Uga, 2012) with minor modifications (Lou et al., 395 2015). The RWL was measured from three biological replicates containing two mature 396 flag-leaves two hours after the leaf was sampled from the paddy field and naturally dried at 397 room temperature. Measurements of drought-tolerance were conducted in the drought 398 resistance screening facility for two seasons (2016.5-2016.10 and 2017.5-2017.10) at Baihe 399 Experimental Station in Shanghai. The canopy of the facility was normally opened and could 400 be closed on rainy days to enable continuous drought conditions. The depth of the soil-layer 401 in the experimental field was limited to 30cm, which enabled the separation of 402 drought-tolerance from drought-avoidance . With the shallow soil-layer, root 403 development was restricted and equalized among genotypes. Therefore, the differences in planted in two nearby fields: one that was treated with mid to late (from the tillering stage to 409 the heading stage) drought conditions (D) and the other remained drip-irrigated as the control 410 (CK). Rice seedlings were transplanted into plots with 8 rows × 8 hills with 18 cm intervals 411 30 days after germination. Both D and CK fields were normally irrigated as paddy fields 412 during the first 20 days after transplanting. After the seedlings began tillering, water was 413 pumped out of the D field, and it was allowed to dry naturally. Meanwhile, the CK field was 414 drip irrigated to make the soil-oxygen conditions closer to those of the D field. After 415 approximately 40 days of drought treatment, when all landraces had flowered and the 416 soil-water content at a depth of 30cm dropped severely (~12.6% in 2016 and ~8.4% in 2017), 417 the drought treatment was stopped and both fields were reirrigated. Nine important agronomic 418 traits were measured under D and CK fields (Table 1) . Five drought-tolerance related traits, 419
including relative content under drought on 30 days after drought-treated (RWC), relative 420 100-grain weight, relative fecundity, relative biomass, and relative grain weight, were also 421 measured or calculated (Table 1) In total, 235 plant materials were genotyped by the rice SNP array "Rice60K" (Patent no. 429 CN201380056318.5), which was developed by China National Seed Group Co., Ltd. and 430 contains ~60,000 SNPs based on MSU6.1 genome assembly. Detailed information on this 431 array and the genotyping procedure are described in detail in a previous study (Chen et al., between upland and lowland rice ecotypes based on SNP data gained from the SNP array. 457 ∏ upland /∏ lowland was calculated to estimate the relative diversity of the upland ecotype to the 458 lowland ecotype. Meanwhile, π and F ST were also estimated for each window using 459 resequencing data between selected upland and lowland landraces by VCFtools (Danecek et 460 al., 2011). MAF>0.05 were used to filter uninformative SNPs before calculating above 461 parameters. The F ST and π estimated by the data from the SNP array and the data from 462 re-sequencing were significantly correlated ( Figure S9) , indicating that the selected plant 463 materials for resequencing were typical. Meanwhile, the outcome also indicated that our 464 results obtained from the high-density SNP array were convincing. Finally, the relative π ratio 465 (∏ upland /∏ lowland ) and F ST 
LD analysis 470
To evaluate LD decay across the genome, the squared correlation (r 2 ) between any two loci 471 was calculated using VCFtools based on data from the SNP array. The average r 2 value was 472 calculated for pairwise SNPs in a 500 Kb region and averaged across the whole genome. To 473 investigate the linkage status of DCA1 with other genes in the region of Chr10: 15400000-474 17600000, the squared correlation (r 2 ) between any two SNPs (one SNP of DCA1 and one 475 SNP in the other gene) was calculated. The linkage status between a gene and DCA1 was 476 determined by their highest r 2 calculated from any two SNPs (one SNP of DCA1 and one SNP 477 in the other gene). This analysis was based on resequencing data. Table S5 ) conferring both drought resistant and GDP genes in upland, lowland, and common 490 wild rice. First, we determined the major genotype (frequency>0.50) by SNPs within the 491 analyzed window and scored it as "0". Any other genotypes containing the successive five 492 different SNP alleles were determined as recombinant genotypes and scored as "1". If a 493 genotype was uniquely or majorly (frequency >0.70) detected in one ecotype, it was defined 494 as an ecotype-specific or ecotype-preferential recombinant genotype. Based on the Ricedata (http://www.ricedata.cn/gene/), genes belong to trait ontology (TO) 504 of plant height (TO:0000207), no. of panicles (TO:0000432), seed-setting rate (TO:0000448), 505 seed production (TO:0000396 and TO:0002759), biomass (TO:0000327), and 1,000-seed 506 weight (TO:0000592) were categorized as GDP (growth, development, and productivity) 507 relevant genes (Table S4) . Genes belong to trait ontology (TO) and gene ontology (GO) of 508 drought-tolerance (TO:0000277), water channel activity (GO:0015250), and response to 509 osmotic stress (GO:0006970) were categorized as drought resistance (DR) relevant genes 510 (Table S4 ). If a 200Kb window contained at least one GDP or DR gene, it was then 511 determined as a GDP-or DR-related window. Mean F ST values of GDP-and DR-related 512 windows were compared with the genomic average by independent t-test via SPSS15.0. There 513 were 517 DR-related (517/3738=13.8% of total windows) and 613 GDP-related 514 (613/3738=16.4% of total windows) windows, respectively. It is therefore, the random 515 ratio for a window to became a window of both drought resistance and GDP is about 516 2.27% (=16.4%*13.8%). We conducted χ2 test to test whether the actual ratio 
Enrichment of Gene Ontology (GO) for different categories of highly different genes 533
Based on SNPs generated from resequencing, the F ST between ecotypes and ∏ upland /∏ lowland 534 ratios were calculated for each annotated gene on the reference genome (ver. MSU 6.1). 535
Genes with high F ST values beyond the 95% confidence interval (F ST >0.455) were determined 536 as highly differentiated genes (HDGs). We defined three categories of HDGs by their relative 537 π ratio: (1) ∏ upland /∏ lowland < 0.5, (2) 0.5≤ ∏ upland /∏ lowland ≤ 2.0 , and (3) ∏ upland /∏ 538 lowland >2.0. We conducted analyses of GO enrichment for the three categories of HDGs using 539 the software GOatools (https://github.com/tanghaibao/GOatools). Top 15 (by p value) GO 540 terms of biological processes were listed and compared among different categories of HDGs. 541 542
Genome-wide association analysis (GWAS) for GDP-and DR-related traits 543
The GWAS was conducted via the efficient mixed-model association (EMMA) method using 544 the R package of Genomic Association and Prediction Integrated Tool (GAPIT) (Lipka et al., 545 2012). The kinship (K) matrix was calculated among genotypes with default settings before 546 applying GWAS. Meanwhile, all landraces in this study are of Gene (Japonica) subspecies 547 from China, the mixed model without inferred population structure as cofactor was applied. 548
The observed -log 10 (p) fit the expected-log 10 (p) well in the QQ-plot for our traits by this model. 
SNP validation by Sanger sequencing 581
For genotyping validation, approximately a 1,000bp portion of one gene (LOC_Os01g61480, 582 LAX1) was selected to be Sanger sequenced in all 112 typical re-sequenced rice landraces. 583
Five SNPs called from re-sequencing data within this PCR-amplified segment were well 584 validated by the Sanger method (Table S10 ). The primers for PCR-amplification are listed in 585 Table S11 . Table 1 . Agronomic and drought-resistant traits measured in well-watered paddy, drought-stressed (D), and control (CK) fields. †, *, **, and *** indicate 811 significance at levels of p<0.1, P<0.05, p<0.01, and p<0.001 by independent t-test between upland and lowland rice ecotypes. NS indicates no significance 812 detected. RWL is the abbreviation for ratio of water loss in excised-leaves. N indicates number of samples. Table S5 . Table S1 . F ST and ∏ upland /∏ lowland ratios (mean ± SE) of windows containing genes relevant to 880 growth, development, and productivity (GDP). "*" indicates significant differences between 881 GDP and neutral windows at the level of p<0.05 by independent t test. The description of trait 882 ontology and genes involved in could be find at the database of Ricedata 883 
